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Abstract — An advanced Compton telescope appears to be the best instrument concept for the next generation
gamma–ray space observatory in the MeV range. A first prototype of advanced Compton telescope is being
developed to match the constraints of a nano satellite mission, with the scientific objective of measuring gamma–ray
burst prompt emission polarization. Instrumental developments at CSNSM for this project are focusing on the
position–sensitive calorimeter module, made of a monolithic inorganic CeBr3 scintillator read by a pixelated
photodetector. 3D position reconstruction is obtained by deep–learning algorithms that have been optimized down
to an uncertainty of 2mm for each spatial direction.
Introduction
MeV–range gamma–ray astronomy contains a large
number of science themes such as the nucleosynthe-
sis and chemical evolution of the universe, cosmic rays
physics, or multi–messenger astronomy. The best con-
cept for next generation instruments is thought to be a
space–borne advanced Compton imager.
Compton imaging relies on the dominant process of
interaction of gamma rays with matter in this energy
range, Compton scattering. In a next generation MeV–
range gamma–ray space telescope as proposed in [1],
the incoming photon undergoes an inelastic scattering
in one or several layers of position–sensitive silicon strip
detector before being absorbed in a position–sensitive
calorimeter based on inorganic scintillators. The mea-
surement of both positions and energy deposits enables
the determination of the photon’s source direction [2].
It also enables measurement of the linear polarization
of the incident gamma rays, which can provide a pow-
erful diagnostic of the emission processes.
These measurements may be performed either in a
large space observatory with a modular design or with
a fleet of nano–satellites that enables all–time full–sky
coverage, preferable for studying transient phenomena
such as gamma–ray bursts.
Current instrumental develop-
ments
The main task of the CSNSM research team on this
project is to develop a calorimeter module, that could
be used either as a calorimeter in a nano–satellite or as
a part of a large observatory’s calorimeter. This study
follows the work of [3] and [4].
The selected design for this calorimeter module is
a monolithic square 51 × 51 × 10 mm Cerium Bro-
mide (CeBr3) inorganic hygroscopic crystal (manufac-
tured by SCIONIX company) read by a 64 channels
multi–anode photomultiplier tube (MAPMT) or by an
array of 8 × 8 silicon photomultipliers (SiPM). Those
pixelated photodetectors are read by a commercial,
self–triggered electronic system ROSMAP (designed by
IDEAS company). Such a module can be seen on Fig-
ure 1.
Figure 1: Photograph of the three parts of a mod-
ule. From left to right : Hygroscopic CeBr3 scintil-
lator in its aluminium casing, Hamamatsu MAPMT,
and ROSMAP front–end electronics.
In case of interaction of a gamma ray in the crystal,
this scintillator produces an amount of light propor-
tional to the energy deposit. This light is collected by
the pixelated photodetector, and the sum of the signals
read for each pixel enables energy measurements. Fig-
ure 2 shows an energy spectrum of a 137Cs radioactive
source acquired with this module.
The use of a pixelated photodetector also enables the
analysis of the shape of the scintillation light distribu-
tion, in order to reconstruct the 3D position of first
interaction of the gamma ray in the calorimeter. This
principle is illustrated on Figure 3.
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2Figure 2: Spectrum of a 137Cs radioactive source
(662 keV line centered on channel ≈ 150000)
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Figure 3: Schema of the calorimeter module. The
gamma ray interacts in the CeBr3 that emits scintil-
lation light. This light is detected by a pixelated pho-
todetector optically coupled to the scintillating crystal
to analyze the shape of the scintillation light distribu-
tion.
Data analysis
To assess the position reconstruction ability of the mod-
ule, we have developed a test bench consisting of a
collimated radioactive source generating a gamma–ray
beam of width 2mm, and a module that can be auto-
matically moved along two axes perpendicular to the
direction of the gamma–ray beam. The source can ir-
radiate either the xy or the yz plane of the scintillator
(see Fig. 3). That way, either the (x, y) coordinates or
the (y, z) coordinates of the gamma–ray first interac-
tion are known.
In this part, we will briefly discuss the morphology
of the events, before presenting the deep–learning algo-
rithms that we use to reconstruct the position first in
the xy plane and then in 3D.
Events morphologies
We define an event as one or several interactions of a
single gamma ray that deposits enough energy to trig-
ger the read–out electronics. Figure 4 shows the scin-
tillation light distribution of an event. Because of the
dominant physics processes at these energies, gamma
rays may interact several times by Compton scattering
in the scintillator. This leads sometimes to an event
with several distinct energy deposits, as shown on Fig-
ure 5.
Figure 4: Example of a light distribution of an event
recorded by the module. Both parts of the figure show
the same data, one in parallel perspective and the other
in colorscale.
Figure 5: Example of a light distribution composed of
several energy deposits recorded by the module.
These events can be identified automatically using an
algorithm that checks whether the pixels that received
the more scintillation light are packed together or sep-
arated. It relies on a 2D convolution of a shape rep-
resenting the maximum authorized spread of the event
with the scintillation light distribution.
This analysis showed that about 15% of events have
a scintillation light distribution that is either spread or
multiple.
The reconstruction of the first interaction position
is done by machine learning algorithms that analyze
the shape of the scintillation light distribution. Events
with a spread or multiple scintillation light distribution
are less well reconstructed by the algorithms, and they
may or may not be used for position reconstruction
3depending on the intensity of the astrophysical source
and the targeted sensitivity and angular resolution of
the telescope.
Artificial neural networks
An artificial neural network (ANN) is a network of
simple algorithms that aims at mimicking the opera-
tion of a biological neuron. Those algorithms execute
a weighted sum of several inputs, and apply to this
number an R → R function called activation function.
We use ANNs to reconstruct the position of interaction
of a gamma ray from the measured scintillation light
distribution.
The machine learning used in this study is super-
vised learning. It means that ANNs are first trained to
output the correct coordinates using data with known
output, by minimizing an error function. Once the
training is completed, reconstructing unknown events
consists in executing the neural network program with
the parameters calculated during the training process.
The weights of the neurons are free parameters adjusted
during the training of the ANN.
ANNs used in this work are multi–layer perceptrons:
neurons are organised into one or several layers, that
are executed sequentially. The number of layers and
their size (number of neurons) are meta–parameters of
the ANN, chosen by the programmer. The activation
function is also a meta–parameter, as well as the algo-
rithm used for training. All this work has been done
using the python Keras framework [5] with Theano [6]
backend.
2D position reconstruction
To check the effect of varying meta–parameters on the
performance of neural networks, a systematic explo-
ration of the meta–parameters space has been con-
ducted. The analysis has been performed for the fol-
lowing set of meta–parameters:
• 0 to 4 hidden layers
• 6 to 35 neuron per hidden layers
• sigmoid, hard sigmoid, tanh, elu, relu,
softplus, softmax, softsign, and linear acti-
vation functions [5]
• adam, nadam and adamax training algorithms
Figure 6 shows an output example of such an explo-
ration. The colorscale represents the performance of an
ANN which is defined as the square root of the mean
squared distance from the reconstructed coordinates to
the known ones,
σXY =
√√√√ 1
N
N∑
i=1
[(
xknowni − xreci
)2
+
(
yknowni − yreci
)2]
,
(1)
Figure 6: Output example of a systematic meta–
parameters space exploration. On the x axis is rep-
resented the number of neurons per layer. On the y
axis are indicated the nine tested activation functions.
Here the ANN uses two hidden layers (HL) and the
adamax training algorithm. Colorscale represents the
performance of the ANN σXY as defined in the text
(lower is better).
where xknowni (respectively yknowni ) is the known x
(resp. y) coordinate of event i and xreci (resp. yreci )
is the x (resp. y) coordinate reconstructed using the
ANN. Equation 1 is calculated on a set of N = 14450
events evenly distributed on the xy plane of the detec-
tor.
It should be noted that this definition of the per-
formance of an ANN includes in the calculation some
events from the background radioactivity. Their posi-
tion of interaction is not in general that of the gamma
rays from the source, leading to an apparent wors-
ening of the ANN performance from σXY ≈ 5.2mm
to σXY ≈ 2.8mm. In measurements with the 137Cs
source, the background amounts to 2% of the total
number of counts in the selected energy window.
The analysis has been conducted for various event
selection procedures. All of them have in common a
fine selection of the energy of the events around the
full–energy peak of the source.
Since the calorimeter must be able to detect and re-
construct the position of gamma rays of any energy,
some datasets were acquired using the 59.5 keV line of
a collimated 241Am radioactive source. An example of
event at this energy can be seen on Figure 7.
This study concluded that the most robust way of
training an ANN for our application is using adamax
and all event morphologies.
Since there is very little improvement with more than
2 hidden layers and 20 neurons per hidden layer and
since those numbers have an effect on the execution
time of the reconstruction algorithm, these numbers
have been found to be a good compromise. Consider-
ing the results shown on Figure 6 amongst others, we
choose to use either the elu or softplus activation
function. Finally, this study showed that using two
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Figure 7: Example of an event of energy 59.5 keV
recorded by the module.
neural networks, each trained on a single 59.5 keV or
662 keV energy window, does not perform significantly
better than using a single neural network trained on
both energy windows, with σXY ≈ 2.8mm.
Depth of interaction reconstruction
The depth of interaction reconstruction algorithm has
been designed using the knowledge acquired from the
reconstruction of the xy position. The principle driv-
ing the position reconstruction along the z axis is that
the measured scintillation light distribution is expected
to be narrower for gamma–ray interactions occurring
closer to the photodetector. However, this effect is
faint and therefore requires a deeper neural network.
For that purpose we choose to focus the optimization
on a 4 hidden layers, 80 neurons per layer ANN and
optimize only the activation function and the training
algorithm.
To train the neural networks, data was acquired by
irradiating the yz plane of the detector with a 137Cs
radioactive source. These trainings rely only on the
z coordinate. To generate events of different ener-
gies, four energy ranges were defined, one in the full–
energy peak at 662 keV, the three others in the Comp-
ton front around 60 keV, 130 keV and 300 keV. These
last three types of events approximate a localised full–
energy event of a lower energy gamma–ray by the scin-
tillation light of a Comptonized electron.
To assess the performance of these ANNs, we use the
standard deviation
σZ =
√√√√ 1
N
N∑
i=1
(
zknowni − zreci
)2
, (2)
where the terminology is the same as in Equation 1.
This part of the study concluded that ANNs are best
trained for our purpose using adamax. The most per-
forming activation functions in this case are elu and
relu. The energies at which depth of interaction is
best reconstructed are around 662 keV and 300 keV,
with σZ ≈ 2mm. In the 130 keV energy range, ANNs
are significantly worse with σZ ≈ 2.4mm, and in the
60 keV energy domain they perform even worse with
σZ ≈ 2.6mm. This could be explained by the shape
of the scintillation light distribution at lower energies,
as shown in Figure 7: The width of such a distribu-
tion is hard to measure and its peak is close to the
noise level. For these lower energy gamma rays, the
attenuation length in CeBr3 is < 2mm, therefore using
a neural network of larger uncertainty is sub–optimal.
Assigning to each of these events a depth of interaction
equal to the mean depth of interaction of gamma rays
with the same energy (calculated from NIST XCOM
cross–section database [7]) gives σZ < 2mm.
Finally, as for the 2D position reconstruction, train-
ing ANNs with all events from the 662 keV, 300 keV
and 130 keV energy domains led to σZ results similar to
those obtained with specific ANNs trained with events
from each energy domain.
Conclusions
We developed a calorimeter module for next genera-
tion MeV–range gamma–ray observatories. We focused
on reconstructing as best as possible the 3D position
of the first impact of an incident gamma–ray within
the detector, as this property is vital for the perfor-
mance of a Compton telescope. We chose for that pur-
pose deep learning algorithms. 2D position reconstruc-
tion algorithms were optimized to attain an uncertainty
σXY ≈ 2.8mm using 2 hidden layers, 20 neurons per
layer, elu or softplus activation function and adamax
training algorithm. 3D position is obtained by recon-
structing the depth of interaction with a separate neu-
ral network using 4 hidden layers, 80 neurons per layer,
elu or relu activation function and adamax training
algorithm. The uncertainty of this reconstruction is
σZ ≈ 2mm. Those results apply to any gamma–ray
energy from 60 keV to 662 keV.
Finally, using an energy correction dependant on the
position of interaction [4], the spectral resolution of the
module is found to be 5.1% at 662 keV.
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